
GreedyCacheManagementTechniquesfor Mobile Devices

ShahramGhandeharizadehandShahinShayandeh
ComputerScienceDepartment

Universityof SouthernCalifornia
LosAngeles,CA 90089

shahram@usc.edu,shayande@usc.edu

Abstract

Mobiledevicesareconfiguredwith oneor morewireless
cardsthatprovidelimitedradio-rangeandunreliabletrans-
mission. Theseenergy-constraineddevicesare configured
with a fixedamountof storage. A device maysetasidea
fractionof its local storageasa cacheto minimizeuseof the
networkwhenservicingrequests,enhancingmetricssuchas
startuplatencyanddataavailability. In thispaper, wefocus
ona repositoryof continuousmedia(audioandvideo)clips
andstudyseveral greedycachemanagementtechniquesand
their cache hit rates. This metric reflectswhat percentage
of requestsfor clips is servicedwhena mobiledeviceis dis-
connectedfrom the network. Thedevice becomesnetwork
detacheddueto factors such as residingin a denselypop-
ulatedgeographical locationwith over committednetwork
bandwidthor travels to geographical areaswith no base
stationcoverage. We investigaterepositoriesof bothequi-
sizedandvariable-sizedclips, identifyinglimitationsof the
current techniques. Our primary contribution is develop-
mentof threenovel techniquesto addresstheselimitations.
They areadaptableandprovidecompetitivecachehit rates.
Onetechnique, called DynamicSimple, providesa higher
cachehit rateandadaptsfasterto changingpatternsof ac-
cessto clips whencomparedwith othertechniques.

1 Intr oduction

Advancesin wirelesscommunication,massstorage,and
processinghave enabledmobile devices that offer their
usersa variety of information services. Applications of
thesedevicesarediverse,rangingfrom entertainmentto ed-
ucationandmilitary. As an example,today’s mobile tele-
phoneis a ubiquitousdevice thatmight actasbotha cam-
eraanda camcorder, playsmusicusingits speakersor ear-
phones,displaysvideo clips using its color screen,stores
personalinformation and interfacewith a projector (or a
computerscreen)to deliver multimediapresentations,in-

cludesa browser to enableits user to roam the Internet
anddisplay content(e.g., YouTubevideo clips), andpro-
videstraditionalvoiceservices.Thecomputerandcommu-
nicationsindustryis exploring “fix ed-mobileconvergence”
(FMC) [8] where the mobile telephonereplacesexisting
fixed-linetelephoneby detectingwirelessInternetbasesta-
tions and“roaming” onto it by switchingto voice over IP
(VoIP).This is to providetheuserwith reliability, low cost,
andclearaudioqualitiescomparableto the fixed-linetele-
phone.In addition,FMC providestheconvenienceof asin-
gle handset,a singleaddressbook anda singlevoicemail
box.

The FMC phoneis expectedto be configuredwith two
typesof network connections[8]: a Wi-Fi interfacesuchas
802.11bor g, and traditional cellular. Whenon the road,
its cellular connectivity employs the existing cellular base
stationsto provide voice and dataservicesat bandwidths
rangingfrom tensof Kilobits per second(Kbps) to a few
Megabitspersecond(Mbps).Whenathome,theWi-Fi con-
nectivity detectsthehomebasestationthatprovidesbroad-
bandnetwork services,andemploys it to route a call us-
ing VoIP. The homebasestationis a fixed-linebroadband
connection(suchas DSL or cablemodem),communicat-
ing with nearbymobile phonesusing Wi-Fi. This Wi-Fi
connectivity providesbandwidthsrangingfrom hundredsof
Kbpsto tensof Mbps.BothcellularandWi-Fi connectivity
arerequiredbecausethe radio rangeof the Wi-Fi connec-
tion is limited to tensof feet1 while thecellularconnection
is in theorderof miles.

Similar to today’s camcorders,anFMC phonemight be
configuredwith an inexpensive magneticdisk drive, offer-
ing its usershundredsof Gigabytesof storage.With pre-
recordeddata,someof this storagemight beconfiguredas
acacheto enhancetheavailability of dataandimprovequal-

1WiMax, 802.16[5], provides a longer radio-rangewith bandwidths
comparableto 802.11b. While deployed in Japan,many areawaiting its
arrival in theUnitedStates.WiMax mayminimizetherole of anin home
broadbandconnection.We do not elaborateon this alternative becauseit
is notcentralto thecachingtechniquesexploredin thispaper.
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ity of servicemetricssuchasstartuplatency. Considereach
in turn. Dataavailability is enhancedbecausetheusermay
retrieve thecacheddatawhenthedevice is out of therange
of boththecellularandWi-Fi basestations.Startuplatency
is thetimeelapsedfrom whenauserreferencesaclip to the
onsetof its display. Whenstreaminga clip from a basesta-
tion, this metric includesnetwork delaysattributedto time
spentto reservebandwidthby negotiatingwith thebasesta-
tion. Bandwidthreservationandadmissioncontrol arere-
quiredfor streamingmediato ensurethemobiledevicedoes
not starve for data.Otherwise,its displaymaysuffer from
frequentdisruptionsanddelays,termedhiccups. Network
delaysareeliminatedwhena device observesa cachehit
andservicesits requestsusingits local cache.

In this paperwe studyalternative cachingtechniquesin
orderto maximizecachehit rateof a device. Cachingtech-
niquescanbetaxonomizedalongtwo dimensions:1) those
that manageeither equi or variablesizeddataitems, and
2) eithergreedy2 or cooperative cachingtechniques.Con-
sidereachdimensionin turn. Cachingtechniquesbasedon
fix sizedobjectsor pages[7] are employed by operating
systemsanddatabasemanagementsystems.Proxy cache
serversmustmanageobjectswith differentsizes[16]. As
demonstratedin Section3.3,a techniquesuchasLRU that
providescompetitivecachehit rateswith equi-sizedobjects
mayprovide a low cachehit ratefor variablesizedobjects.
Onecontributionof this studyis to identify techniquesthat
managebothequiandvariablesizedobjectseffectively3.

A greedycachingtechniquestrives to optimizea local
metricsuchascachehit rate. It is in sharpcontrastto a co-
operativecachingtechniquethatstrivesto optimizeaglobal
metric by coordinatingthe cachesof differentmobile de-
vices in the radio rangeof one another. A global metric
mightbethenumberof requestsservicedusingthecacheof
differentmobiledevices(insteadof usingthebasestation).

Cooperative caching was shown to improve the per-
formanceof file and virtual memory systemsin a high-
speed,local-areanetwork environment[9]. In the context
of proxy caches,it wasshown: a) to improve performance
amongcollectionsof smallorganizations,andb) unlikely to
havesignificantbenefitsfor largerorganizationsor popula-
tions[16].

In this study, we investigategreedycachingtechniques

2Greedycachingtechniquesmight be categorizedas recently-based,
frequency-based,size-based,function-based,andrandomized[17, 15].

3A naive techniqueto managevariablesizedobjectsis asfollows. Par-
tition boththecacheandeachobjectinto equi-sizedblocksanduseLRU-K
to managethecachedblocks. Thechoiceof block sizeis importantwith
suchatechnique.If ablock is largerthananobjectthenthis techniquewill
wastecachespace,reducingcachehit rate. A smallerblock sizereduces
theimpactof wastedspace.However, it increasestheamountof required
bookkeepinginformationsuchasthe time stampof lastblock reference.
Moreover, whencomparedwith othertechniquespresentedin thispaper, it
doesnot provide a highercachehit ratethanDYNSimple,seediscussions
of Figure5.a.

for mobile devicessuchas FMC. An investigationof co-
operative cachingtechniquesis a futureresearchdirection.
Thisis becauseanunderstandingof greedytechniquesis re-
quiredin orderto developandevaluateeffectivecooperative
cachingtechnique.Moreover, theperformanceof a greedy
techniqueis key to evaluatinga cooperative techniqueto
determineif its complexity is justified.

One may evaluatedifferent greedycachingtechniques
usingthefollowing metrics:

� Cachehit rate:thepercentageof clip requestssatisfied
usingthecache.A 90%hit ratemeansthat9 of every
10clipsreferencedby theclientarefoundin thecache.

� Cachebytehit rate:thenumberof bytessatisfiedfrom
thecacheasa fractionof thetotal bytesreferencedby
theclient. This metric representstheamountof work
imposedon thenetwork.

� Processorandnetwork utilization quantifytheamount
of resourcesusedby a cachingtechnique.Processor
utilization quantifiesthe complexity of a designand
its implementation. Network utilization defineshow
muchbandwidthis usedby a techniqueandis a func-
tion of bytehit rate.Both impacttheamountof power
consumedby a device.

� Averagestartuplatency: thedelayincurredfrom when
a client requestsa clip to the onset of its display.
Streaminga referencedclip from thecacheminimizes
startuplatency becausebandwidthof local storageis
higher than the bandwidthrequiredto display a clip
(
�������	��

���

). When streaminga clip using the net-
work, startuplatency is dictatedby the allocatednet-
work bandwidth(

������
����������
) andthe overheadof ad-

missioncontrol. Assuminga requestis admittedand������
����������
is higherthan
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���
, a client may start

the displayassoonassufficient datais prefetchedin
thebuffer to compensatefor fluctuationsin

� ����

�
�������
.
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is lower than
� �����	��

���

thentheclient de-
vicemustprefetchenoughdatain orderto compensate
for the lower delivery rate. The amountof prefetch
datais definedas[10]: � ��� ��!#"%$	& '
()$+*�,!#"-'�.0/�&21),43 � �65 .
� Throughputof a geographicalregion: the numberof

devicesin ageographicalareaableto displaytheir ref-
erencedclips simultaneously. If eachdevice observes
a cachehit then the throughputof the region equals
the numberof devicesin that area. Whendevicesin
thesameradiorangedo not find their referencedclips
in their cache,they competefor the wirelessnetwork
bandwidth. Theserequestsarerejectedoncethe net-
work bandwidthis exhausted,reducingthethroughput
of thatregion.



While all metricsareimportant,in this studywe focuson
cachehit ratebecauseit enhancesavailability of datawhen
a device is in an areawith eitherno basestationcoverage
or sodenselypopulatedthat theavailablebandwidthto the
basestationis exhausted.Thus,we do not consideralgo-
rithms that enhanceother metricsby sacrificingcachehit
rate. An exampleis GDS-Popularity[13] which enhances
bytehit rateat theexpenseof cachehit rate.

The rest of this paper is organizedas follows. Sec-
tion 2 presentsthe problemstatement.Subsequently, Sec-
tion 3 provides an overview of one currentoff-line tech-
niquecalledSimple[11] andtwo on-linetechniques,LRU-
K [14] andGreedyDual[18, 3]. An off-line techniqueis
providedwith advanceknowledgeof futurerequestswhile
an on-line techniqueis not previewed to this information.
A comparisonof thesetechniquesin Section3.3shows the
following tradeoffs: 1) While Simpleprovidesthe highest
cachehit rate,it is not practicalfor usein a realsystembe-
causeit is anoff-line technique,2) LRU-K is idealfor man-
agingequi-sizedclipsandprovideslow cachehit rateswhen
clip sizesaredifferent,3) GreedyDualprovidesalow cache
hit ratewhenclips areapproximatelythesamesize. These
tradeoffs motivateus to developvariantsof Simple,LRU-
K, andGreedyDualin Section4. Thesevariantsresolve the
limitationsof theiroriginalcounter-parts.Weshow all three
variantsadjustto dynamicchangesin frequency of access.
Whenfocusingon cachehit rate,thevariantbasedon Sim-
ple, called DYNSimple, outperformsGreedyDualconsis-
tently. Moreover, DYNSimpleadjuststo fluctuatingaccess
patternsquicker than the other alternative. Brief conclu-
sionsandfutureresearchdirectionsareofferedin Section5

2 Problemstatement

The cachingproblemcanbe statedasfollows. Givena
sequenceof clip references,whereeachreferencehasatime
stampandeachclip hasa size,maintaina cacheof clipson
a client device with the objective to maximizenumberof
client requeststhatfind their referencedclips in cache.The
cachehasa fixed size �87 . The size of clip repositoryis� � ! and larger than the cachesize, � � !:9 �87 . Other-
wise,theproblemis trivial to solveby replicatingtheentire
repositoryin cache.

Assumethe sizeof the cacheis larger than the largest
clip. Whenarequestreferencesaclip ; thatis notcacheres-
ident,thecachemanagermustbring clip ; into cache.The
freecachespacemaybesmallerthanthesizeof incoming
clip ; , requiringthecachemanagerto swapout otherclips
to freesufficientspaceto accommodateclip ; .

When an unpopularclip is referenced,a device may
streamthe clip without storing it in its cache. This pre-
vents the cachemanagerfrom swapping out the popular
clips from its cachewhenthe unpopularclip is larger than

Parameter Definition<
Numberof clips in therepository= �
Frequency of accessto clip >� � Sizeof clip >� � ! Sizeof thedatabase,� � !@?4A4B�
CED � ��87 A device’scachesize� �����	��

���GF �
Bandwidthrequiredto displayclip >

Table 1. Parameter s and their definitions

its freespace.In this study, we assumethecachemanager
materializesevery referencedclip in its cachefor two rea-
sons. First, a device may downloada clip fasterthan its
displayratebecauseavailablenetwork bandwidthis abun-
dant. For example,this mayhappenwhenusingtheWi-Fi
basestationat home.Second,a device mayanticipatethat
it will moveoutof theradiorangeof abasestation.To pre-
vent hiccups,the device may downloadthe clip at a faster
rateso that it is cacheresidentprior to becomingdiscon-
nectedfrom the basestation. A future researchdirection
is to considerscenarioswherethecachemanagerdoesnot
materializeanunpopularclip.

In this study, we compareandcontrastoff-line andon-
line cachemanagementstrategies.Sections3.1and3.2de-
scribethesestrategies in turn. Subsequently, Section3.3
providesacomparisonof thesestrategieswith oneanother.

3 Curr ent cachingtechniques

This sectiondescribesSimpleasan off-line technique,
andLRU-K andGreedyDualastwo on-linestrategies.Sub-
sequently, we comparethesealternativeswith oneanother,
quantifyingtheir tradeoffs.

3.1 An off-line technique: Simple

Simple [11] assumesadvancedknowledgeof the size
andfrequency of accessto eachclip in thedatabase.Given
thereferencestring,Simplecomputesthefrequency of ac-
cessfor clip ; (

=IH
) by countingthe numberof references

to clip ; anddividing thisvaluewith thetotalnumberof re-
questsin thereferencestring.Next, Simplesortsclipsbased
on their frequency of accessto eachbyte, calledbyte-freq
anddefinedas J�KL K . It assignsthoseclips with the highest
byte-freqvalueto the cacheof a device. Experimentalre-
sultsof [11] show the superiorityof this techniqueto one
that simply assignsthe most frequentlyaccessedclips to
eachdevice.



GreedyDual(Clip M )
if (clip M is cacheresident) NPO ?RQTS BEU ��V�W OYXL �
Z���W OYX ;
else[

while(freecachespace\ Size(M ))[
Q = min( N H );
Evict ; from local cache;]

Retrieveandstoreclip M ;NPO ?4QTS B^U ��V�W OIXL �
Z���W OIX ;]

Figure 1. GreedyDual pseudo-code

3.2 On-line techniques: LRU-K and GreedyDual

LRU-K [14] maintainsthetime stampof lastK references
to a clip andusesthis informationto statisticallyestimate
theinterarrival timesof referencesto aclip. Whenchoosing
a victim, it selectsthe leastrecentlyreferencedclip across
its lastK requests.

GreedyDual [18] is a spectrumof algorithms. Onealgo-
rithm considersacacheof pageswith thesamesizeanddif-
ferentcoststo fetchfrom secondarystorage.Thealgorithm
assignsa priority value, N , with eachcachedpage.When
thecachemanagermaterializesapagein thecache,N is set
to the costof bringing the pageinto the cache.Whenthe
cacheis exhaustedand the cachemanagermustchoosea
victim, it choosesthepagewith thelowest N ( N`_ ��a ) value
asvictim. Next, for eachcachedpage,the cachemanager
reducesits N valueby N _ �
a . If a pageis referencedand
observesacachehit, thecachemanagerrestoresits N value
to its original costvalue.

With our repositoryof clips, thepriority of a clip is de-
finedas b U ��V����Z�� wheresizeis thesizeof theclip in bytes.The
definitionof costdependsontheobjectiveof thecacheman-
ager. By settingcost to 1, the cachemanagermaximizes
cachehit rate. One may set cost to the time requiredto
fetchtheclip. Thiswouldminimizetheaveragelatency [3].

A naive implementationof GreedyDualwould require
the cachemanagerto perform c subtractionswhenchoos-
ing a victim where c is thenumberof cacheresidentclips.
An efficient implementationis presentedin [3] andshown
in Figure1. The key ideais to maintainan“inflation” pa-
rameterQ . All valuesof N areoffset by the valueof this
parameter.

3.3 A comparison of on-line and off-line caching
techniques

We usea simulationmodel to investigatethe behavior
of alternative cachingstrategies. It consistsof a server and
a client. Theserver containstheentiredatabaserepository
andthe client is the FMC device configuredwith a cache
thatis a fractionof therepositorysize.

Therepositoryconsistsof 576clips. Half areaudioclips
and the otherhalf arevideo clips with displaybandwidth
requirement(

�������	��

���
) of 300 Kbps and4 Mbps, respec-

tively. The databaseconsistsof 3 different clip sizesfor
eachmediatype.With video,clips haveadisplaytime of 2
hours,60 minutes,and30 minutes.Thesizeof theseclips
are3.5 Gigabytes(GB), 1.8 GB, and0.9 GB, respectively.
With audio, clip display timesare4 minutes(8.8 MB), 2
minutes(4.4MB), and1 minute(2.2MB). Wenumberclips
from 1 to 576.This numberingis importantbecausewe as-
sumeaZipfiandistributionwith amean4 of 0.27to generate
requestsfor differentclips. Odd numberedclips arevideo
andeven numberedclips areaudio. Clips areassignedin
descendingsizeorder in a round-robinmanner. Thus,the
patternof clip sizesis 3.5 GB, 8.8 MB, 1.8 GB, 4.4 MB,
0.9GB, and2.2MB. Thispatternrepeatsitself until all 576
clips thatconstitutetherepositoryareconstructed.

We assumethe bandwidthbetweenthe server and the
client exceedsmaximum

� �����	��

���
(4 Mbps), enablingthe

server to streama clip to theclient. A client issues10,000
requestsfor clips oneafter another. A requestreferences
a clip usinga randomnumbergeneratorconditionedusing
theZipfian distribution. We assumethe client displaysthe
referencedclip andissuesanotherrequestimmediately. We
vary the sizeof the client’s cache( � 7 ) and report on the
client’sobservedcachehit rate.

Figure2 shows the cachehit rateandbyte hit ratewith
the alternative techniquesasa function of

LedL "gf . A largerLedL "gf (x-axis) value meansa larger client cachesize, re-
sulting in a higher cachehit rate. As a comparisonyard
stick, we have includeda techniquethat choosesvictims
randomly. This techniqueis calledRandom.Note that the
cachehit rateof this techniquealsoriseswith a largerclient
cache.

With a small client cachesize (
L dL "gf =0.0125),Simple

providesthehighestcachehit rate.This is becauseit packs
the clips with the highestbyte hit ratio into the client’s
cache.Whentheclient referencesanunpopularclip ; , Sim-
pleswapsoutthoseclipswith thesmallestbyte-hitratio,en-
ablingclip ; to becomecacheresident.Thisclip is swapped
out immediatelyby the next clip that is not disk resident.
We examineda variantof Simplethatdoesnot cachethose

4This distribution is shown to resemblethesaleof movie ticketsin the
United States[6]. A Zipfian distribution is usedextensively to studythe
behavior of cacheservers[16].
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Figure 2. A comparison of Simple , LRU-2, GreedyDual and Random.

referencedclipswhosebytehit ratiois smallerthantheclips
occupying client’s cache. This variantassumesthe refer-
encedunpopularclips arestreamedfrom theserverwithout
becomingcacheresident.Thisvariantperformseitheriden-
tical or slightly betterthantheoneshown in Figure2.a.

When considering cache hit rate, both Simple and
GreedyDualoutperformLRU-2 becausethey considersize
of the clips when deciding what clip to maintain in the
cache. This is consistentwith the studiesinvestigating
cachingtechniquesfor webproxycaches[3].

NotethatLRU-2 providescompetitivebyte-hitrates,see
Figure 2.b. Except for

LedL "gf =0.0125,Simple provides a
higherbyte-hitratethanLRU-2.

GreedyDualis not a replacementfor LRU-K for equi-
sizedpagesor objects. Figure3 shows LRU-2 providesa
highercachehit rate thanGreedyDualfor a repositoryof
equi-sizedclips. GreedyDualprovidesa lower hit ratebe-
causeit ignoresthe last referencetime to a clip asanesti-
mateof its futurereferencetime. To illustratethis,consider
threeequi-sizedclips( h D , hji , and hjk ) wherethesizeof each
clip is 10MB. Assumethecacheis 25MB in size.Consider
asequenceof referencesby theclientwhereh D is referenced
every otherrequest.Two consecutive referencesfor hji andhjk arethreerequestsapart,resultingin thefollowing refer-
encestring:

[ h D , h i , h D , h k , h D , h i , h D , h k , h D , ...
]
. Thefirst

3 referencescauseh D and h i to becomecacheresident.The
subsequentreferenceto h k forcesbothLRU-2 andGreedy-
Dual to choosea victim. LRU-2 will chooseh i becauseit
is leastrecentlyreferenced.GreedyDualwill have a prior-
ity of

DD�l�m ! for eachof h D and hji andmustchooseone
randomly. LetsgiveGreedyDualthebenefitof choosinghji
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Figure 3. LRU-2 provides a higher cache hit
rate than GreedyDual for a repositor y of equi-
sized clips.



asthevictim. Once hjk becomescacheresident,its priority
is set to iD�l�m ! . The next referencefor h D will observe a
cachehit with both LRU-2 andGreedyDual.GreedyDual
setsthepriority of h D to iD�l�m ! . Thenext referencefor h i
is a cachemisswith bothLRU-2 andGreedyDual.LRU-2
will chooseh k asthevictim. GreedyDualmustonceagain
choosebetweenh k and h D randomlybecausetheirpriorities
areidentical, N�n+h D�o = Npn	hjk o = iDql�m ! . This randomdecision
is imposedon GreedyDualevery timeeither hji or hjk is ref-
erenced. Every time GreedyDualchoosesh D , its hit rate
will be loweredfor subsequenth D references.LRU-2 will
not suffer from thesamedilemmabecauseit considersthe
last 2 referencesfor eachclip andwill maintain h D cache
resident.

4 Enhancedgreedycachingtechniques

In this section,we improveuponthecurrentstateof the
art techniquesto make themmoresuitablefor managinga
cacheof clips. Theseimprovementsare as follows. We
introduceavariantof Simple,calledDYNSimple,asanon-
line technique. Next, we extend GreedyDualto consider
time in orderto supporta repositoryof equi-sizedclips ef-
fectively. The resultingtechniqueis calledInterval-Based
GreedyDual(IGD). Finally, we presenta modifiedLRU-K,
calledLRU-SK, which considersclip sizeswhenchoosing
victims. In Section4.4,we comparethesetechniqueswith
oneanother.

4.1 Dynamic Simple,DYNSimple

OnemaytransformtheSimpletechniqueof Section3.1
from anoff-line techniqueto anon-lineoneby dynamically
estimatingthefrequency of accessto eachclip. Thepseudo-
codefor DYNSimple is shown in Figure4. Therearesev-
eral waysto estimatea clip’s frequency of access.Below,
wedescribeoneapproach.

To estimatethefrequency of accessto a clip ; , a device
maintainsthe time stampof its last K references:

[Yr8s�t D
,r s�t i , ...,

r l ]
where

r s�t D \ r s�t i andtime is increasing
monotonically. At time instanceu , the arrival rate of re-
questsfor clip ; is definedas v H ?

sV t 7jwExzy . Theestimated
frequency of accessto clip ; is theratioof its arrival rateto
thetotalarrival rateof all C clips, {�n = H o ? | K}�~���� xzy~���� | ~ .Onemay definethe quality of estimatedfrequenciesof

accessusing the following function:
� } �' � y W
��W J ' X

t
J ' X+�B .{�n = � o is the estimatedfrequency of accesswhile

= �
is the

accuratefrequency of accessobtainedfrom thedistribution
usedto generaterequests.A highervalueof K improvesthe
quality of estimated

= �
values. For a repositoryof

<
=576

clip, the quality of estimatesimproves by a factor of 10
whenwe increaseK from 2 to 60 (quality improvesfrom

DYNSimple(Clip M )
if (clip M is cacheresident) return clip M ;
else[

victims= emptyset;
candidates= setof cachedclips;

sortcandidatesin ascendingorderof J K����Z���W H X ;
while (freecachespace

+ sizeof objectsin victimsset \��I>�����n6M o )[
victims= victims � first clip in candidateslist;
removefirst clip in candidateslist;]

sortvictims in descendingorderof size;
while (freecachespace\@��>��z��n6M o )[

Removethefirst clip in victimsset;]
Retrieveandstoreclip M ;]

Figure 4. Dynamic Simple (DYNSimple)
pseudo-code

0.006to 0.0006). At the sametime, we observedminimal
improvementsin the cachehit rateswith increasedvalues
of � , seeSection4.4. We believe � ?�� is sufficient in
mostcases.

NotethatDynamicSimplemaintains� time stampsfor
thoseclips that arenot in its cache. Assumingeachtime
stampis a 4 byteinteger, this techniqueincursanoverhead
of 4 megabytesto maintain � ?�� time stampsfor one
million clips. This might bea reasonableoverheadto incur
givenacachethatis potentiallytensof gigabytesin size.To
reducethis storageoverhead,DynamicSimplemay delete
thehistoryof thoseobsoleteclipsby employing a rulesuch
asthe5 minuterule [12, 14] extendedto thewirelessenvi-
ronment. Designof sucha rule is a future researchdirec-
tion.

4.2 Inter val basedGreedyDual(IGD)

Section3.3showedGreedyDualdoesnot provide effec-
tivesupportfor equi-sizedclipsbecauseit doesnotconsider
how recently a clip has beenreferenced. Interval based
GreedyDualaddressesthis limitation by maintainingthe
last � referencesfor eachclip ; (similar to DYNSimple).
At a time instanceu , � s is the interval of time from u tor8s�t D

, � s ? u � r8s�t D . We changethe cost function of
GreedyDualto � � J W OIX�� BEU ��V�W OYX� w � L �
Z���W OIX where ��� = n6M o is the num-



ber of referencesto clip M . While time is monotonically
increasing,numberof referencespertainsto thoseobjects
in thecache.IGD forgets ��� = n+M o whenclip M is swapped
outof thecache.Whenclip M is referencedandbroughtinto
cache,its ��� = n6M o is setto zero.

Theuseof ��� = n+M o wasoriginally proposedin [4]. This
study proposedGreedyDual-Freqwhich changesthe cost
functionof GreedyDualto � � J W OYX�� b U ��V�W OYX����Z���W OYX . We use � � J W OYX� w
(insteadof ��� = n6M o ) in order to facilitate aging so that
IGD “forgets”pastreferenceswhenaccesspatternsto clips
evolve andchangeover time. This ratio is not the arrival
rateof requestsfor clip M becausethe numberof requests
sincea clip becomescacheresidentis independentof its� V+� last reference.To illustrate, ��� = n+M o ?��I��� meansthe
userof thedevicereferencedthisclip 100timessinceit was
broughtinto cache.A valueof 5 for � s means5 time units
haveelapsedsincetheuserlastreferencedclip M . Thus,if a
popularclip suddenlybecomesunpopularanddoesnot re-
ceive cachehits, � s startsto increase,reducingits priority
andcausingIGD to swapthis clip out. When M is swapped
out, its numberof referencesis forgottenandresetto zero,
similar to [4].

Resultsof Section4.4show IGD is morerobustto evolv-
ing accesspatternsthan GreedyDual-Freq. Moreover, it
providesa highercachehit ratethanGreedyDual.

4.3 LRU-SK

By choosingthe leastrecentlyusedclip, LRU-K swaps
out theclip with minimum

D� w valuefirst. � s is theinterval

of timefrom currenttimeto thelast � V+� reference(sameas
IGD, seeSection4.2). To considerclip sizes,we propose
LRU-SK whichswapsoutclip M with minimum

D� w � �q�
Z���W OYX
value. Resultsof Section4.4 show this changeenables
LRU-SK to provide cachehit rateshigher thanGreedyD-
ual.

4.4 A comparison

Figure5 shows thecachehit rateof thealternative tech-
niqueswith two differentrepositoriesconsistingof 576equi
andvariablesizedclips, respectively. With bothfigures,x-
axis is the ratio of cachesizeand the databasesizewhile
they-axisis thecachehit rate.Figure5.ashowstherevised
versionof GreedyDual,IGD, provides competitive cache
hit ratesfor a repositoryof equi-sizedobjects.Its hit rateis
significantlyhigherthantheoriginalGreedyDualandcom-
parableto DYNSimple.Whencomparedwith GreedyDual,
IGD is animprovementbecauseit considersboththenum-
berof referencesto cacheresidentclips andtheir last � V+�
referenceswhenselectingvictims.

Figure5.ashowsDYNSimpleandIGD providea higher
cachehit ratethanLRU-2 for equi-sizedclips. This is im-

portantfor the following reason.Onemay designa tech-
nique that a) partitionsthe cacheand eachvariablesized
clip into equi-sizedblocks, and b) managesblocks using
LRU-2. Sucha techniquewill not provide a highercache
hit ratethaneitherDYNSimpleor IGD. Moreover, it wastes
spacewhen the chosenblock size is larger thanan object
size,resultingin a lowercachehit rate.

Figure 5.b shows the cachehit rate for a repositoryof
576 variable sized clips, seeSection3.3. Obtainedre-
sultsshow LRU-SK is providing cachehit ratescompara-
blewith DYNSimpleandGreedyDual.DYNSimpleoutper-
formsLRU-SK becauseDYNSimple employs K=32 refer-
encesto estimatefrequency of accessto eachclip while K
is 2 with LRU-SK. If oneemploysK=2 with bothLRU-SK
andDYNSimple thentheir cachehit ratesbecomesalmost
identical. This is becausethe way they useclip size and
referencetimeto its last2 requestsresultsin thesamerank-
ing of victim clips5. With valuesof � 9�� , DYNSimple
providesa highercachehit ratethanLRU-K.

4.4.1 Evolving accesspatterns

In a final experiment,we analyzedadaptabilityof thealter-
native techniquesto the changingpatternof accessto the
576variablesizedclips. In this experiment,we shiftedthe
identity of objectsgeneratedusingtheZipfian distribution.
Assumingobject ; is the mostpopularonewith the origi-
nal distribution, a shift-id of 100, � ? �I��� , causesobjectn
; S¡�Y��� o�¢ < to becomemostpopular. In essence,weshift
theoriginal distribution with thevalueof � . When � ?�� ,
the distribution generatesrequestsidentical to the original
distribution.

Note that for a � value,we have a fixed distribution of
accessto clips. We usethis distribution to computetheac-
curatefrequency of accessto eachclip j,

=IH
. Usingthis in-

formation,ourexperimentis asfollows. A device invokesa
replacementpolicy with 10,000requestsfor agiven � value.
It thenemploys the accuratefrequency of accessfor each
clip ; to computethefrequency of accessto thecache.This
is the theoreticalcachehit rate. Assuming c objectsare
cacheresident,this metricis definedas AR£��CED = £ .

Figure6.ashowsthetheoreticalcachehit ratewith theal-
ternative techniquesfor six different � values:0, 100,200,
300, 400, and500. As a comparisonyard-stick,we show
Simplewhich employs theaccuratefrequency of accessto
managethecontentof thecache.Figure6.bfocuseson two
intervals, � =200and300,showing thecachehit rateevery
100requestsfor the20,000issuedrequests.All techniques
observeasharpdropat requestid 20,000becausethevalue
of � changesfrom 200to 300,modifying theidentityof the
popularclips. Simple is quick to swap unpopularobjects

5All randomnumbergeneratorsfor thesimulatorareseeded,producing
adeterministicsequenceof requestsfor all technique.
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from thecachein favor of thepopularclips usingtheir ac-
curatefrequency of access,providing thebestcachehit rate
after two hundredrequests.DYNSimple andLRU-SK are
sensitive to the chosenvalueof � . When � ?�� , DYN-
SimpleandLRU-SK adaptafterafew hundred(200to 400)
requests.With a highervalueof � , say32, LRU-SK’s hit
rategoesdown perdiscussionsof Figure5 (LRU-SK with� ?¥¤z� is not shown in Figure6.b). DYNSimplerequires
a largernumberof requeststo forgetthepastandswapout
clips that were popularpreviously. IGD requiresa large
numberof requeststo stabilizebecauseits aging function
utilizesnumberof referencesfor clips.

Figure 7 shows a comparisonof IGD with GreedyD-
ual [3] andGreedyDual-Freq[4], seeSection4.2. These
resultsshow GreedyDual-Freqdoesnot adaptto evolving
accesspatternsas quickly as IGD. With different � val-
ues,seeFigure7.a, IGD providesa higheraveragecache
hit rate when comparedwith GreedyDual-Freq. Indeed,
GreedyDual-Freqis worse than the original GreedyDual
when � is greaterthan zero. This is becausethe num-
berof referencesto a clip is monotonicallyincreasingwith
GreedyDual-Freqaslong asit is cacheresident.However,
IGD causesthe numberof referencesto ageby dividing it
with theinterval of time sincelastreference.

Whentheaccesspatternis fixed,GreedyDual-Freqpro-
vides a cachehit rate comparableto IGD. This is shown
in the first half of Figure7.b. It is interestingto notethat
GreedyDualresultsin differentcachehit ratesasa function
of every100requests.Wespeculatethis is becauseGreedy-
Dual doesnot have the conceptof leastrecentlyusedclip
andat times choosesthe wrong clip to swap out, seethe
discussionsof Section3.3.

We manipulatedthe meanof the Zipfian distribution
usedto generateclip-ids referencedby differentrequeststo
analyzetheimpactof askewedpatternof access.In general,
the cachehit ratewith the alternative techniquesbecomes
almostidenticalwith a moreskewed accesspattern. With
a moreuniform distribution of access,DYNSimpleoutper-
formstheothertechniquesby a wider margin.

5 Conclusionsand futur e research dir ections

In this study, cachehit ratequantifiespercentageof re-
questsservicedsuccessfullywhen a mobile device is not
in the radio rangeof a basestation. Our contributionsare
asfollows. First, we identify limitationsof currentcaching
techniquesby comparingthemwith oneanotherwhenthe
objective is to maximizecachehit rate. Our secondcon-
tribution is to introducethreenovel techniques:Dynamic
Simple (DYNSimple), Interval basedGreedyDual(IGD),
andavariantof LRU thatconsiderssizewhenchoosingvic-
tims (LRU-SK). Thesevariantsaddressthe limitations of
their original counter-partsin two ways.First, they support
repositoriesof equi-sizedandvariable-sizedclips. Second,
they adaptto changesin accesspatternsanddo not suffer
from cachepollution, i.e., the tendency of previously pop-
ular clips lingering in thecache.Whencomparedwith one
another, DYNSimple providesa highercachehit rateand
adaptsfasterwhenit computesfrequency of accessto clips
basedon their pasttwo references.

Onemayarguethat increasingcachehit rateby several
percentagepoints is negligible. Sucha conclusionis ill-
guidedbecauseseveral studieshave shown that cachehit



rategrowsasalog functionof cachesize[1, 3, 2, 13]. Thus,
a betteralgorithmthat increasescachehit rateby only sev-
eral percentagepointswould be equivalentto several fold
increasein cachesize[13].

We areextendingthis studyin severaldirections.First,
we plan to developefficient implementationsof DYNSim-
ple, IGD, andLRU-SK. This may requiretree-baseddata
structuresto minimize thecomplexity of identifying a vic-
tim clip. Second,someapplicationsmay not toleratethe
storageoverheadof maintaininglastreferencetimesfor all
clips with DYNSimple. We proposeto developa rule sim-
ilar to the 5 minute rule that considersthe economicsof
network bandwidthand local storage,providing a frame-
work that decideshow long to keepthe meta-datafor the
pastreferences.

Finally, noneof the presentedtechniquesare coopera-
tive. Cooperativecachingtechniquesenablemobiledevices
to coordinatetheir statein order to optimizea global cri-
terion suchas numberof referencesservicedwithout ac-
cessingthebasestation.Recallfrom Section1 thata FMC
phoneincludesa Wi-Fi networking cards.Multiple devices
in the sameradio rangemay form an ad hoc network and
exchangeclipswith oneanother. They mayemploy acoop-
erative cachingtechniqueto minimizethenumberof refer-
encesto thebasestation.Designof aneffectivecooperative
cachingtechniqueandits comparisonwith a greedytech-
niqueremainsa futureresearchdirection.
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